We analyse the empirical relationships between firm fundamentals and the dependence structure between individual REIT and stock market returns. In contrast to previous studies, we distinguish between the average systematic risk of REITs and their asymmetric risk in the sense of a disproportionate likelihood of joint negative return clusters between REITs and the stock market. We find that REITs with low systematic risk are typically small, with low short-term momentum, low turnover, high growth opportunities and strong long-term momentum. Holding systematic risk constant, the main driving forces of asymmetric risk are leverage and, to some extent, short-term momentum. Specifically, we find that leverage has an asymmetric effect on REIT return dependence that outweighs the extent to which it increases the average sensitivity of REIT equity to market fluctuations, explaining the strong negative impact of leverage on firm performance especially during crisis periods that has been documented in recent empirical work.
Introduction
Periods of financial market turmoil typically lead to disproportionate joint declines in stock returns. 1 Disproportionate joint negative return clusters between REITs and stocks are inconsistent with the common characterisation of REITs as defensive securities (Chan, Hendershott, and Sanders, 1990; Glascock and Hughes, 1995; Howe and Shilling, 1990) .
The returns of defensive stocks respond less than proportionally to market fluctuations, implying a CAPM beta of less than one on average. However, asymmetric dependence in the sense of disproportionate negative return clusters is independent of linear dependence measured by the CAPM beta, as illustrated in Figure 1 . In other words, the CAPM beta contains little information on how a given security reacts to a significant market downturn.
[Insert Figure 1 about here.]
As a result, selecting stocks into a portfolio based on a low level of beta alone is insufficient to construct robust portfolios that are able to weather a downturn. 2 Rather, effective stock selection requires the accurate identification of securities with low systematic risk (beta) and, simultaneously, a low likelihood of joint negative return clusters with stocks.
In this study, we explore the fundamental firm-level drivers of systematic risk (beta) as well as asymmetric dependence independently of each other. Our results provide novel insights into the relationships between the returns on the stock market and the returns on REITs with different firm-level and financial characteristics, facilitating the identification of resilient firms in the construction of portfolios that are more robust to market downturns.
We are not the first to go beyond beta estimates in studying the joint evolution of investment returns from real estate (securities), REITs and other asset classes. Prior research has established three stylised facts about the dependence patterns of real estate security returns with respect to the broader market: (i) Benefits of diversification vary through time, (ii) they decrease in periods of higher uncertainty, and (iii) they also tend to dissipate during bear markets. However, the literature has produced limited insight into the fundamental economic drivers of dependence patterns in security returns. We contribute to the literature by identifying those firm characteristics that are empirically associated with the strongest ex ante impact on linear dependence and the likelihood of negative return clusters with the broader stock market.
1 Evidence for this stylised fact is found in various episodes of market turmoil, see, e.g., Ang and Bekaert (2002) ; Ang and Chen (2002) ; Ang, Chen, and Xing (2006) ; Hong, Tu, and Zhou (2007) ; Longin and Solnik (2001) ; Patton (2004) . Similar return behaviour may be observed in real estate securities, as discussed, e.g., in Gordon (2009) . 2 Clustering of poor returns occurs frequently in downturns and can significantly affect portfolio performance and asset prices (Ang and Bekaert, 2002; Ang, Chen, and Xing, 2006; Longin and Solnik, 2001; Patton, 2009 ).
We study the firm-level fundamental determinants of linear dependence as measured by beta, separately and independently of the drivers of asymmetric dependence, using a simple test statistic based on exceedance correlations (Alcock and Hatherley, 2016; Hong, Tu, and Zhou, 2007) . Our method stands in contrast to previous explorations on asymmetric dependence such as GARCH modelling or Copula functions. GARCH models describe time-and/or state-varying correlations and are therefore, much like the CAPM beta, unable to capture any disproportionate likelihood of negative return clusters independently of beta (Zhou and Gao, 2012) . Copula functions on the other hand are unable to distinguish between linear dependence and the drivers of disproportionate negative return clusters (Clayton, 1978; Kimeldorf and Sampson, 1975; Patton, 2006 Patton, , 2009 . As a result, our findings help evaluate and improve upon traditional investment management techniques that are focused on managing linear dependence only.
In our analysis of firm characteristics and dependence patterns, we pay particular attention to the role of leverage. Theoretically, the relationship between leverage and equity returns is unambiguous. However, the empirical evidence on the relationship between real estate securities returns and leverage is less clear. That is partly because the relationship between leverage and risk is under-researched. In fact, Giacomini, Ling, and Naranjo (2015) specifically encourage more research on the effect of leverage on the investment performance of real estate securities from the point of view of equity investors. We contribute to this question by examining the relationship between leverage and systematic risk as well as a disproportionate likelihood of negative return clusters with the stock market.
Empirically, we find that linear dependence and an increasing likelihood of return clustering between REITs and stocks are distinct aspects of joint return patterns. Our results suggest that both are significantly related to ex ante observable firm characteristics, but in different ways. Small stocks with low short-term momentum and low turnover are associated with low systematic risk. So are stocks with a high market-to-book ratio and strong long-term momentum. Stocks with strong short-term momentum appear to be at risk of poor return clusters with stocks, while investment growth promotes clustering of positive returns with stocks. We find some evidence that leverage increases linear dependence of REIT returns on stocks in the long run, while our findings strongly suggest that leverage exacerbates clustering of poor returns, with immediate and persistent effect.
Section 2 summarises the related literature. Section 3 develops our testable hypotheses.
Section 4 discusses the dependence measures. Section 5 describes method and data. Section 6 presents our empirical findings. Section 7 reports robustness tests. Section 8 concludes.
Related literature
Under modern portfolio theory, the benefits of diversification associated with including real estate in a mixed-asset portfolio are typically established on the basis of low average historical correlations (Baum, 2002; Bond, Hwang, Mitchell, and Satchell, 2007; Georgiev, Gupta, and Kunkel, 2003) . However, the need to incorporate more complex dependence structures into portfolio selection has been recognised as early as Markowitz (1959) . Empirical evidence increasingly points towards time-variation in the benefits of diversification commonly ascribed to real estate. Clayton and MacKinnon (2001) find that the sensitivity of REIT returns to the returns on stocks, bonds and direct real estate varies through time and follows a cyclical pattern. Cotter and Stevenson (2006) report that the correlation between REITs and the stock market fluctuates around a significant positive trend as market integration increases over time. Case, Yang, and Yildirim (2012) provide evidence that structural breaks in the REIT history, such as the introduction of REITs into broader stock market indices, demarcate different correlation regimes.
Time-variation in dependence patterns is partly a function of the prevailing level of volatility in the market. Chong, Miffre, and Stevenson (2009) present evidence that the pairwise correlations between REITs and stocks as well as bonds respond positively to higher volatility in those markets; they find the opposite for the relationships with government securities and commodities. Liow, Ho, Ibrahim, and Chen (2009) extend this analysis to pairs of international listed real estate securities markets as well as the relationships with the corresponding national stock markets. They confirm the positive relationship between conditional correlations of listed real estate securities and stocks and the prevailing level of volatility. These findings suggest that not only are benefits of diversification time-variant, but they also appear to dissipate in periods of higher uncertainty.
The second driver of time-variation in dependence patterns is the strength of the market. Early evidence suggests that REITs exhibit lower systematic risk in bear markets, suggesting that REITs are defensive stocks (Chan, Hendershott, and Sanders, 1990; Glascock, 1991; Glascock and Hughes, 1995; Glascock, Michayluk, and Neuhauser, 2004; Howe and Shilling, 1990) . More recently however, a large number of studies report evidence of asymmetric dependence. Many authors find that conditional correlations of listed real estate securities with respect to various benchmarks including stocks, pairs of real estate securities indices, and pairs of listed versus unlisted real estate return indices, in the US and internationally, increase disproportionately more in response to negative return shocks than to positive return shocks (Fei, Ding, and Deng, 2010; Hoesli and Reka, 2013; Liow, 2012; Michayluk, Wilson, and Zurbruegg, 2006; Yang, Zhou, and Leung, 2012) . Moreover, several authors report a disproportionately high likelihood of joint negative return events between pairs of listed real estate market indices and between listed real estate and stocks (Dulguerov, 2009; Goorah, 2007; Hoesli and Reka, 2013; Knight, Lizieri, and Satchell, 2005; Zhou and Gao, 2012) , especially following the onset of the sub-prime mortgage crisis in 2007 (Simon and Ng, 2009 ). These findings suggest that the benefits of diversification commonly associated with investments in real estate securities may be reduced substantially when they are most needed.
In summary, the empirical literature on dependence structures in the returns from listed real estate securities to date has established three stylised facts. Benefits of diversification vary through time, they decrease in periods of higher uncertainty and they also tend to dissipate during bear markets. However, the literature to date has produced limited insight into the fundamental economic drivers of dependence patterns between real estate securities (REITs) and stocks. A notable exception is Liow, Zhou, and Ye (2015) , who recognise this gap in the literature and make a significant contribution towards filling it.
They study the drivers of quarterly realised correlations between eight international listed real estate securities markets over the period 1995 to 2012. They relate the cross-sectional and time series variation in correlation between markets to a set of market-wide real estate variables including the return on the direct real estate market pairs, pairwise market size and volatility differentials, the influence of the existence of REITs, as well as a set of control variables capturing macroeconomic, stock market, institutional and crisis effects. Liow, Zhou, and Ye (2015) is the study that is closest to ours. We share the motivating observation that the fundamental economic drivers of dependence patterns are insufficiently understood. However, our work differs from theirs in a number of ways. First, instead of exploring market-wide dependence patterns across pairs of international market indices, we focus on the individual firm level. Second, instead of examining macroeconomic influences on dependence patterns between real estate and stock markets, we focus on the influence of firm fundamentals on the dependence patterns between individual firm returns and the stock market, after controlling for broad real and monetary macroeconomic factors.
Finally, instead of studying realised correlations, we focus on the drivers of the CAPM beta, a well-established measure of linear dependence that feeds directly into asset prices, and a novel measure of asymmetric dependence that allows us to explore the drivers of a disproportionate likelihood of joint negative return clusters. To our knowledge, our study is the first to explore the drivers of dependence patterns in the returns from individual real estate securities in this way.
Hypothesis development
In our analysis, we focus on the role of leverage in driving the systematic risk of REITs (CAPM beta) and their asymmetric risk of joint negative return clusters with the stock market. Little is know about the relationship between leverage and the risk in equity returns. Sun and Yung (2009) find mixed evidence on the relation between leverage and REIT volatility. Chaudhry, Maheshwari, and Webb (2004) find that leverage drives REIT idiosyncratic risk but the direction of the effect is sensitive to model specification. Against this background, we now develop our testable hypothesis for the expected relationships. Allen, Madura, and Springer (2000) argue that financial leverage magnifies the firm's equity returns when the return on broader market is positive. Conversely, their argument continues that leverage also magnifies negative returns, creating more pronounced losses.
This line of reasoning is consistent with the argument in Goetzmann, Ingersoll, Spiegel, and Welch (2007) that leverage increases the firm's exposure to variation in the return on the general market. As a result, we expect that the sensitivity of a REIT's equity returns to variation in the return on the general market, as measured by linear dependence or systematic risk (CAPM beta), is positively related to the level of leverage of the REIT.
Hypothesis 1: Leverage is positively related to linear dependence (CAPM beta).
In order to form an expectation of the relationship between leverage and the likelihood of disproportionate joint negative returns with the market, consider managerial incentives for taking risk in a competitive market for investor capital. Diamond and Rajan (2009) describe an incentive for managers to load up on 'hidden' downside risk in the form of tail risk in order to report the compensation as alpha. Goetzmann, Ingersoll, Spiegel, and Welch (2007) identify strategies whereby leverage is used especially for this purpose. Empirical evidence suggests that REIT managers also employ leverage to enhance risk-adjusted performance measures (Alcock, Glascock, and Steiner, 2013) . Finally, a typical market decline can quickly precipitate into a severe crash in the presence of levered positions in tail risk due to the financial accelerator effect. The financial accelerator exacerbates the implications of a market decline through tightening credit conditions (Bernanke and Gertler, 1989; Bernanke, Gertler, and Gilchrist, 1996; Kiyotaki and Moore, 1997; Perez-Quiros and Timmermann, 2000) . In turn, tighter credit conditions disproportionately affect firms with higher leverage. As a result, we expect that higher leverage increases the firm's risk of experiencing significant negative return clusters with the market.
Hypothesis 2: Leverage is positively related to asymmetric dependence.
Measuring dependence
Studying dependence between security returns means describing their joint distribution.
The joint distribution of any two random variables can be approximated by a combination of a standard bivariate normal distribution, where dependence is fully captured by linear measures, such as co-variance, or the scaled version, correlation, and a potentially infinite number of higher-order co-moments, such as co-skewness and co-kurtosis. 3 This perspective on dependence patterns is useful as it allows us to conceptually split dependence into a linear component that informs traditional portfolio management strategies, and the higher-order components that receive increasing academic and investor interest.
The existing literature typically relies on multivariate GARCH models or copula functions.
Multivariate GARCH models focus on describing correlations. However, we seek to identify determinants of dependence in a way that is economically meaningful to downside-risk averse investors. Any metric that focuses on a single order of dependence, such as correlation or any related partial moment, will not explore higher-order aspects of dependence.
Yet, these are among the major drivers of joint value declines during bear markets (Ang and Chen, 2002; Solnik, 1995, 2001) . 4 Copula functions on the other hand provide a more comprehensive view on dependence. However, copulas commonly rely on a small number of parameters that simultaneously determine the location, slope and shape of the joint distribution (Clayton, 1978; Kimeldorf and Sampson, 1975; Patton, 2006 Patton, , 2009 ). The resulting description may thus be a poor approximation of the true distribution. Further, the parameters of the copula do not map to the individual moments of the joint distribution, and so copulas are unable to distinguish between correlations and any higher-order aspects of dependence. Any copula-based analysis is therefore of limited use in evaluating and improving upon traditional correlation-based diversification strategies.
In order to mitigate the shortcomings of these methods, we study a set of two complementary measures of dependence. First, we examine linear dependence as measured by the CAPM beta, which has established intuitive meaning and is firmly grounded in financial theory. Second, we employ a recently developed measure of asymmetric dependence, the 'Adjusted J statistic'. This measure, along with its economic and statistical motivation, is described in detail in Alcock and Hatherley (2016) . In combination, these two measures provide a comprehensive assessment of dependence patterns between security returns. 5
The adjusted J statistic is designed to capture asymmetric dependence, which is the difference between the dependence of returns on an individual asset and the market across different market states. This metric is derived in the context of Skiadas's (1997a; 1997b) economic framework of disappointment aversion. The Adjusted J statistic is closely related to the J statistic developed by Hong, Tu, and Zhou (2007) , which is based on the exceedance correlations between the returns on two assets or portfolios. Longin and Solnik (2001) define the exceedance correlation at level ϑ as the conditional correlation between two variables when both register shocks of more than ϑ standard deviations from their means. Under the null hypothesis of no asymmetric dependence, i.e. no significant differences in the exceedance correlations in opposing regions of the joint distribution, the J statistic is given by:
whereρ are the exceedance correlations, T is the sample size,Ω is the variance/covariance matrix and N is the number of exceedances. The greater the test statistic, the greater the departure from symmetry. However, the J statistic does not account for linear dependence and it is unable to indicate the direction of asymmetry. In order to mitigate these shortcomings, Alcock and Hatherley (2016) define the Adjusted J statistic as follows:
The addition of the sign function (Alcock and Hatherley, 2009 ) means that the statistic indicates the sign of the sum of the differences between positive and negative conditional correlations and hence indicates the direction of asymmetry. A positive (negative) test statistic indicates net upper (lower) tail dependence. This feature is useful as investors are arguably particularly concerned about lower tail dependence, that is, increasing conditional correlations and thus dissipating benefits of diversification during bear markets.
Further, the arguments in the Adjusted J statistic are not the raw or standardised return series but a transformation that controls for the level of linear dependence. 6 After the transformation, all asset returns display identical betas of unity while the original linear 6 The linear component of dependence in any bivariate distribution is captured by the OLS slope coefficient estimator, (X T X) −1 X T Y . The adjusted J statistic thus controls for linear dependence by filtering with this estimator. By doing so, the adjusted J statistic controls for the first moment and first co-moment within the Edgeworth expansion of joint returns, ensuring that the adjusted J captures economically relevant and theoretically motivated information about asymmetric dependence in a statistically rigorous manner. The estimator for the CAPM beta "just happens" to be the same estimator as the OLS beta estimator, and so by filtering through the linear control we are also filtering through the CAPM beta. Filtering through a set of firm-characteristic of macro factors in addition to the CAPM beta might provide additional insights into the role played by these factors and their relationships with asymmetric dependence and thus shed additional light on any return premium generated by these factors. An analysis of this question however requires a structural alteration of the Adjusted J statistic and is therefore beyond the scope of this study. We thank an anonymous referee for pointing this out.
dependence structure between the asset and the benchmark is controlled for. This feature is useful to evaluate and improve upon diversification strategies that traditionally focus only on linear dependence as measured by beta. In summary, the Adjusted J statistic assesses the presence, direction and strength of asymmetric dependence after controlling for linear dependence as measured by the CAPM beta. As a result, the combination of the CAPM beta and the Adjusted J statistic allows us to comprehensively examine linear and higher-order components of dependence patterns separately in a robust manner.
Method and data

Empirical approach
We obtain the dependence measures as follows. We run quarterly firm-level regressions of daily total returns on a stock market benchmark to obtain the single-index (CAPM) beta:
where T R is the total return on firm i at day t, Benchmark is the total return on the benchmark stock index at time t, β 0 is a constant, β 1 is the regression coefficient we collect from each quarterly regression to generate our first dependent variable, and u is the residual. These quarterly regressions allow us to compile a firm-quarter panel of CAPM beta estimates. In order to obtain a robust estimate of the single-factor beta, we require firms to have more than 50 observations available in a given quarter.
The Adjusted J statistic is also obtained from daily returns. Recall that the statistic measures exceedance correlations between a firm and the stock market in a given quarter, conditional on the firm and the market experiencing returns ϑ standard deviations away from their means in that quarter, where ϑ is a vector of exceedances. We calculate the Adjusted J statistic with exceedances ϑ = {0, 0.2, 0.4, 0.6, 0.8, 1} in conjunction with the Bartlett kernel for the estimation of the variance-covariance matrix,Ω, following Hong, Tu, and Zhou (2007) . That means that exceedances are not exogenously defined as a function of economic upturns and downturns, only relative to the quarterly means of daily returns.
Further note that the statistic measures the net difference between corresponding exceedance correlations in opposing tails of the joint distribution. If these net differences are zero, then the joint distribution is symmetrical. If they are different from zero, then the joint distribution is characterised by asymmetric dependence. As a result, the power of the Adjusted J statistic to capture asymmetric dependence is not per se dependent on extreme return realisations as would be observed in upturns and downturns only. The ability of the Adjusted J statistic to detect asymmetric dependence is solely contingent on exceedance correlations in the two opposing tails of the distribution being different from one another.
Lastly, in order to increase the accuracy of the calculation of the Adjusted J statistic, we compute it using one year's worth of daily returns, not one quarter. We thus compile a firm-quarter panel of rolling annual Adjusted J statistics. 7 We estimate the dependence measures as a function of our chosen set of firm characteristics and macroeconomic control variables, allowing us to assess the marginal impact of a change in any of the firm characteristics on the dependence measures, all else being equal. We estimate the following model using OLS:
where DM is the dependence measure, γ 0 is a constant and u it is the residual. Following the asset pricing literature, we include the following explanatory variables. Market leverage M LEV (Bhandari, 1988) is measured as Total Debt divided by the Market Value of Assets (Total Assets minus Book Equity + Market value of Equity). Firm size LnSize (Banz, 1981; Keim, 1983) is the natural logarithm of the Market Capitalisation. Market-to-book ratio M B (Rosenberg, Reid, and Lanstein, 1985; Stattman, 1980) is the Market Value of Assets divided by the book value of Total Assets. 6-month (36-month) return (RET 6 and RET 36) (DeBondt and Thaler, 1985; Jegadeesh and Titman, 1993) is the 6-month (36month) cumulative total return. In addition, we control for stock turnover as a measure of liquidity (Acharya and Pedersen, 2005; Holmström and Tirole, 2001; Liu, 2006) . The turnover ratio T O is quarterly Trading Volume divided by Common Shares Outstanding. Following the investment-based approach to asset pricing in real estate (Bond and Xue, 2014) , we also control for real estate investment growth (REIN V ) and profitability, measured as return on average equity (ROAE). In order to control for macroeconomic conditions, we include the federal funds rate (F edF unds) and the NBER business cycle indicator as a binary variable that equals one in a recession period (Rec). 8 7 The downside of this approach is that we introduce autocorrelation, potentially over four quarters, in the Adjusted J statistic. However, this is easily remedied by including up to four lags of the Adjusted J statistic in the regression model. Our results are robust to controlling for these additional lags and are available on request. 8 All of our findings are qualitatively equivalent when replacing the policy-determined federal funds rate with a market-determined benchmark bond yield. Results are available on request.
All explanatory variables, except the recession indicator, are lagged by one period. The lag ensures that firm characteristics are observable by market participants prior to the period over which the dependence measure is generated. Consequently, our inference relates to the predictive content of the firm characteristics for the dependence patterns in security returns. The lag also mitigates a potential simultaneous causality bias whereby managers change firm characteristics, for instance by adjusting leverage, in response to observing a given dependence pattern. In order to account for autocorrelation in dependence measures, we include their first lags. We also include property type and quarter fixed effects.
By construction, the dependent variables in (4) are subject to estimation error. Utilising the estimates as the dependent variable in a second-stage regression results in an estimated dependent variable bias. In order to mitigate this bias and enable valid inference, we follow the procedure proposed in Hornstein and Greene (2012) and weight all independent observations by the inverse of the variance of the dependent variable.
The frequency of financial time series observations raises the question of non-synchronous trading and its consequences on the accurate estimation of covariance and related measures of dependence. The phenomenon has been documented as early as Fisher (1966) who demonstrates that when the arrival of trades is random and therefore non-synchronous across assets, then return observations sampled at regular intervals are correlated with neighbouring returns on other assets even when the underlying relationship is purely contemporaneous, leading to a systematic under-estimation of covariance. However, Epps (1979) shows that the bias is severe only beyond the inter-hour level. Considering our daily frequency, we believe that our measurement of covariance is sufficiently accurate.
Data set
We analyse a sample of publicly listed US equity REITs. We collect total return data, firm characteristics and returns on the S&P500 from SNL Financial. 9 Apart from firm characteristics, dependence patterns may also be influenced by macroeconomic regimes (Liow, Zhou, and Ye, 2015) . We account for macroeconomic conditions using interest rate data and recession indicators. Data on the federal funds rate and the 10-year Treasury is obtained from the Federal Reserve Bank of St Louis's Economic Database. Information on the dates that demarcate macroeconomic regimes are obtained from the NBER.
We begin our analysis in 1993, the beginning of the modern REIT era as marked by the introduction of the UPREIT regime. We end the study period in 2013, the most recent full
year of data available at the time of writing. Firms enter the sample when they first appear on SN L and leave the sample when they become inactive (acquired or defunct). Firm characteristic data is obtained on a quarterly frequency. Return data for the calculation of the dependence measures is collected on a daily frequency to reduce measurement errors and smoothing of dependence measures. All firm characteristic variables, except the stock returns used to compute the dependence measures, are winsorised at the 1st and 99th
percentiles. The final number of firm-quarters is 3,828 from an average of 55 firms per quarter. Figure 2 shows the evolution of the number of sample firms over time.
[Insert Figure 2 about here.] Table 1 summarises the firm characteristics of the sample REITs. The mean single-factor beta is 0.589 for the S&P500, consistent with the view the REITs are on average defensive stocks (Chan, Hendershott, and Sanders, 1990; Glascock and Hughes, 1995; Howe and Shilling, 1990) and thus implying that REITs offer some benefits of diversification (Baum, 2002; Bond, Hwang, Mitchell, and Satchell, 2007; Georgiev, Gupta, and Kunkel, 2003) .
The Adjusted J statistic is -0.184 on average, suggesting a slight tendency for REIT returns to cluster disproportionately with poor returns on the stock market.
As for the fundamental firm characteristics, market leverage is on average 0.44, consistent with the observation that REITs carry significant leverage (Barclay, Heitzman, and Smith, 2013) . The mean market-to-book ratio is 1.204 and the mean log of firm size is 12.844, consistent with the view that REITs are small value stocks (Geltner and Miller, 2001) . null hypothesis is that all panels (firms) have a unit root in the variable concerned. We reject the null hypothesis for all of the dependence measures and all but one of the firm characteristics we are interested in (firm size). We conclude that concerns around nonstationarity of the variables in our study are negligible.
[Insert Table 1 about here.] Figure 3 Panel (a) shows the evolution of quarterly mean firm-level single-factor beta estimates with respect to the S&P500 over time. From approximately 1995 onwards, the average REIT beta increases at a slow but steady pace over time, consistent with the view of increasing market integration that has been observed for international real estate and stock market indices (Liow, Zhou, and Ye, 2015) . The measure then increases sharply surrounding the global financial crisis of 2007/08, consistent with the anecdotal observation that in a crisis, correlations approach one (Gordon, 2009 ). Single-factor beta estimates were also significantly more volatile during the crisis than during the remainder of the study period. Further, the 95% confidence interval around the mean estimate is larger at the beginning of the sample period from 1993 to 1995, then reduces to around 25 basis points until 2004, after which it widens. Confidence intervals are wider especially during the crisis and reduce gradually thereafter, consistent with our expectation of cross-sectional variation in the sensitivity to stock market returns and thus benefits of diversification. that saw severe joint losses across asset classes including stocks and real estate securities (Gordon, 2009 ). This observation suggests that the measure has predictive power for future REIT performance that managers, investors and policy makers may monitor.
[Insert Figure 4 about here.]
6 Results Table 2 describes the relationships between firm characteristics and dependence measures using simple pairwise correlations. We find that, on an unconditional basis, the single-factor beta (S&P500) is slightly positively related to the Adjusted J statistic. The Adjusted J statistic is calculated based on filtered returns in order to avoid confounding the measurement of asymmetric dependence with linear dependence. Any remaining correlation between the two measures thus suggests that there are genuinely common drivers.
Unconditional analysis
Overall, the top three covariates of both dependence measures are the interest rate, turnover, firm size. In relative terms, we find that linear dependence, as measured by the single-factor CAPM beta, is related to macroeconomic factors and firm characteristics to a similar degree. Asymmetric dependence is more strongly related to firm characteristics, especially size, while the relationship with macroeconomic factors is relatively weaker.
In conclusion, we find that firm characteristics matter for linear dependence and are also related to an increasing likelihood of joint negative returns between REITs and stocks.
[Insert Table 2 For the analysis of the CAPM beta in Panel (a) of Table 3 , the most defensive stocks are in quintile 1 (lowest beta measure). The most defensive stocks have a number of characteristics in common. They are simultaneously small, high-growth (high book-tomarket ratio) firms that are less intensively traded. In contrast to the pairwise correlation analysis, we find no evidence that the difference in leverage is part of the characteristics that significantly distinguish low-beta from high-beta stocks.
In Panel (b) of Table 3 , the stocks with the highest likelihood of joint negative return clusters with stocks are in quintile 1 (lowest Adjusted J statistic). The stocks with the highest tendency to display lower tail dependence with the stock market also have number of characteristics in common. They are on average small and thinly traded. This unconditional observation suggests a trade-off between linear dependence and the likelihood of disproportionate joint negative return clusters. While small size and thin trading activity appear to be associated with low linear dependence, they simultaneously exacerbate asymmetric joint declines with the stock market. The second difference to the analysis of the CAPM beta is the role of leverage. In this multivariate setting, we find that leverage is significantly associated with a higher likelihood of joint negative return clusters. In other words, we find that leverage is not one of the characteristics that significantly distinguishes defensive stocks that exhibit a low degree of dependence on the stock market on average.
However, our findings do suggest that the level of indebtedness of a firm significantly exacerbates the likelihood of disproportionate joint negative returns. As a result, our finding suggests that leverage has an asymmetric impact on performance. Table 4 presents the regression results for the CAPM beta with respect to the S&P500.
Firm characteristics and average systematic risk
Our model explains 71% of the total variation in firm-level beta estimates in the full sample of 3,828 observations over the study period 1993-2013. The estimation for the recession period contains significantly fewer observations than the non-recession period (401 versus 3,427). However, the explanatory power of our model is higher in the recession period (0.87) than in the non-recession period (0.67).
[Insert Table 4 about here.] We do not find evidence for a relationship between leverage and systematic risk in our one-period ahead regressions. This finding stands in contrast to our first hypothesis. In theory, leverage increases the sensitivity of the return on equity to variation in the return (Goetzmann, Ingersoll, Spiegel, and Welch, 2007) . Empirically, we find a positive sign of the coefficient on leverage, which is intuitive, but the value of the coefficient is not statistically significant. However, the impact of leverage does pass the threshold for statistical significance in the longer run: When we consider the two-period (6 months) ahead measure of beta, we find evidence consistent with the hypothesis that leverage increases average systematic firm risk (see Column (1) in Appendix A.1). Our finding is thus also consistent with the earlier work of Allen, Madura, and Springer (2000).
As for the remaining firm characteristics, we find a number of additional significant relationships. First, we find that beta is positively related to firm size. Our finding seems intuitive. Larger firms have a larger share of the market return and are thus more sensitive to market variation. This finding is robust across the different sub-periods and the coefficient is stable with an economic impact of approximately 7 basis points on beta for a one standard deviation increase in logged firm size.
We also find that beta is inversely related to the market-to-book ratio. This finding suggests that firms with stronger growth opportunities are less sensitive to variation in the market return, implying that these growth opportunities are largely idiosyncratic and thus shift the total risk of the firm away from exposure to variation in the market. Further, the effect of growth opportunities on beta is numerically almost three times larger in the recessionary sub-period, suggesting that idiosyncratic growth opportunities were especially valuable during this period of general market turmoil. The economic impact of a one standard deviation drop in the market-to-book ratio is an increase in beta by 2 basis points in the full study period, and 5 basis points in the recession period.
Our evidence for the relationship between momentum and beta is mixed. 6-month returns are positively related to beta in the full and non-recessionary periods, while 36-month returns are inversely related to beta in these periods. The reversal in the effects of shortand long-term momentum suggests that long-term cumulative returns reflect performance that is unrelated to the performance of the underlying market, but driven by idiosyncratic factors. Short-term performance may be more driven by short-term trading activity, increasing systematic risk. These effects disappear in the recession periods, suggesting that their influence on systematic risk is more relevant in benign market environments. In the full period, the economic impact of a one standard deviation increase in short-term momentum, or an equivalent reduction in long-term momentum, is an increase of approximately 1 basis point in the single-index beta coefficients, respectively. Our finding is consistent with the literature on momentum and momentum-reversal (DeBondt and Thaler, 1985) .
Our results suggest that the turnover ratio, i.e. the proportion of shares outstanding that is traded in a quarter, is positively related to beta. As a stock is traded more frequently, the sensitivity of its performance to the return on the mark increases. Frequent trading may be a signal of investors seeking short-term gains by following momentum, rather than investing for the long run on the basis of the fundamentals of the firm, thus linking the findings on momentum and trading volume. On average, the economic impact of a one standard deviation increase in turnover is an 8 basis points increase in systematic risk.
We find that beta estimates are significantly related to macroeconomic factors. 10 This finding echoes our earlier observation that there is a significant negative unconditional correlation between interest rates and the systematic risk of REITs, and that systematic risk increased in recession periods. However, our findings also suggest that while macroeconomic factors may provide some guidance on the systematic risk of REITs, they are unable to supersede fundamental firm characteristic factors. In other words, our findings suggest that while the systematic risk of all REITs to some extent is influenced by macroeconomic conditions, REITs with the appropriate fundamental characteristics, such as smaller size and higher (idiosyncratic) growth opportunities are able to withstand these conditions better and maintain lower systematic risk in a recession than others.
We find a significant relationship between past values of beta and present values of beta, as the lag of beta is positive and significant in our regression results. However, while the recent history of systematic risk is a significant indicator of the present level of systematic risk, it does not replace or subsume the effect of fundamental and macroeconomic factors.
In summary, our results suggest that investors are able to form expectations about the average sensitivity of a firm's equity to variation in the return on the market, and thus the benefits of including a given stock in a portfolio, by assessing the firm's size and growth opportunities, its past performance and the intensity with which it is traded. Even in recession periods, the firm fundamentals size, market-to-book ratio and trading intensity maintain significant predictive power for firm-level systematic risk. Consistent with our second hypothesis, we find that leverage is inversely related to Adjusted J statistic. A lower statistic implies a higher likelihood of negative return clusters with the market, suggesting that leverage disproportionately exacerbates the risk of a joint decline in the returns on REITs and the stock market. Over the full period, the economic impact of a one standard deviation increase in leverage is a 2 basis points drop in the Adjusted J statistic, i.e. a 10% decline relative to the sample mean of the Adjusted J statistic. In the recessionary period, the economic impact increases to a 10 basis points drop in the Adjusted J statistic for a one standard deviation increase in leverage. In combination with our analysis of the CAPM beta, our results suggest that, while leverage may not substantially increase the one-period ahead estimate of systematic risk of REITs on average, it has a statistically and economically significant impact on the risk of joint negative return clusters between REITs and the stock market.
Firm characteristics and negative return clusters
Understanding the link between leverage and systematic risk as well as asymmetry risk is useful for identifying the mechanism through which leverage affects equity returns. In theory, the relationship between leverage and equity returns is clear. According to the second proposition of the seminal work by Modigliani and Miller (1958, 1963) , leverage increases the risk to equity holders as residual claimants and thus higher leverage is associated with higher rates of required return on equity.
However, the empirical evidence on the relationship between leverage and equity returns is REITs suffered larger declines in that period than their less indebted counterparts. In an international sample of listed real estate investment firms, Pavlov, Steiner, and Wachter (2015) find that leverage is unrelated to stock returns. Ling and Naranjo (2015) document significant time-variation in the relationship between leverage and REIT returns as well as volatility, with more highly levered REITs experiencing more pronounced variation in stock returns through the market cycle. Giacomini, Ling, and Naranjo (2015) on the other hand find a positive relationship between international real estate securities returns and leverage. Their evidence also suggests that the relationship between returns and leverage was negative during the global financial crisis of 2007/08.
The studies mentioned above do not address the way in which leverage affects risk, and are thus unable to document the mechanism through which leverage affects the return on equity that investors receive as compensation for the risk they assume. Our results suggest that leverage affects equity returns primarily through the increased risk of joint negative return clusters with the market, and to some extent also through higher systematic risk as measured by the CAPM beta. Our finding may help explain some of the inconclusive evidence on the impact of leverage on performance by highlighting the asymmetric nature of its effect on dependence patterns in REIT returns.
Recall that the economic magnitude of the effect of leverage also increases substantially during the recessionary sub-period. As a result, our finding further adds to the empirical evidence on the short-term and long-term detrimental effects of leverage on REIT performance during and after the financial crisis of 2008 that is documented in Sun, Titman, and Twite (2015) and in Giacomini, Ling, and Naranjo (2015) .
Leverage may influence returns through a tax shield effect, an effect on the cost of equity capital directly, or an indirect effect via the cost of debt capital. For tax-exempt REITs the tax effect is nearly irrelevant. The debt capacity of real estate assets (Cvijanović, 2014; Giambona, Golec, and Schwienbacher, 2014) allows REITs to pledge collateral when sourcing debt. The use of collateral is often associated with better credit outcomes 11 , suggesting the REIT cost of debt has a relatively lower sensitivitiy to leverage. This leaves the cost of equity channel. The literature suggests that leverage indeed influences REIT stock returns, and thus the cost of equity. However, Giacomini, Ling, and Naranjo (2015) note that the evidence on the average strength and direction of the effect is unclear. Our work suggests that a focus on the effect of leverage on asymmetry risk helps identify a clear inverse relationship between realised REIT returns and leverage.
We find that the Adjusted J statistic is positively related to firm size, suggesting a tradeoff between average systematic risk and the risk of disproportionate joint return clusters in this respect. We find that larger firms carry higher systematic risk but that they are less likely to exhibit joint negative return clusters with stocks, suggesting that they hold portfolios which are more robust to downturns. This finding implies that stock selection according to firm size has to be sensitive to the expected market environment in order to make an effective contribution to portfolio management. In economic terms, as the log of firm size increases by one standard deviation, the Adjusted J statistic increases by 5 basis points, or 20% relative to the mean Adjusted J statistic in the full sample.
The evidence we find for the relationship between past (6-month and 36-month) returns and the Adjusted J statistic is consistent with the evidence for systematic risk on average in the full study period. Strong short-term momentum is associated with a drop in the Adjusted J statistic, i.e. it exacerbates a stock's tendency to exhibit joint negative return clusters with the market. On the other hand, strong long-term momentum is associated with an increase in the Adjusted J statistic, suggesting that it alleviates the risk of joint negative return clusters with the stock market.
We find that the estimates of the Adjusted J statistic are less strongly related to the macroeconomic factors. 12 This finding reflects our earlier observation that the pairwise correlations between firm characteristics and the Adjusted J statistic are relatively stronger than those with the macroeconomic variables.
In contrast to the analysis of beta, we find a significant relationship between real estate investment growth and the risk of joint negative return clusters. As investment growth increases, the likelihood of joint negative return clusters is reduced significantly. Our finding adds to the literature on the relevance of investment-related factors to REIT assets prices by establishing a link between those factors and asymmetry risks (Bond and Xue, 2014) .
We also find evidence that there is a significant relationship between past values of beta and present values of the Adjusted J statistic, as the lag of beta is positive and significant in our regression results. However, while the recent history of systematic risk is a significant indicator of the present level of asymmetry risk, it does not replace or subsume the effect of fundamental and macroeconomic factors. The same is true for the lag of asymmetry risk itself. While our findings suggest a significant trend component in this measure, the firm characteristics are still statistically and economically meaningful predictors of the risk of joint negative return clusters between a REIT and the stock market.
In summary, our results suggest that investors are able to form expectations about the risk of a REIT to exhibit negative return clusters with the market, and thus the benefits of including a given stock in a portfolio, by assessing the firm's leverage, size as well as its investment growth and past performance. During recession periods, the most important predictors of a firm's likelihood to register joint return declines with the market are its leverage and investment growth metrics. Our findings are generally robust to a longer-term prediction horizon as well (see Column (2) in Appendix A.1).
Robustness tests
In our main analysis, we have winsorised firm characteristics and dependence measures to mitigate any undue influence of outliers. However, winsorising may lead us to underestimate the true magnitude of the effects. For robustness, we have conducted two additional tests: (i) We have run our main regression analysis with only the firm characteristic variables winsorised but not the dependence measures; (ii) We have run our regression analysis with no variables winsorised at all. The results are qualitatively identical.
However, the coefficient estimates increase in magnitude in the two additional tests (see example for leverage in Table 6 ). Overall, these additional findings suggest that our main results are conservative and indicate the lower bound on the leverage effect.
[Insert Table 6 about here.]
We have estimated the regressions of the CAPM beta and the Adjusted J statistic on the basis of the implicit assumption that they are independent. However, in order to account for the possibility of cross-equation correlation of residuals, we reproduce our main regression results for the full study period using Seemingly Unrelated Regressions (SUR, Zellner (1962 Zellner ( , 1963 ; Zellner and Huang (1962) ). The results from this robustness test in Table 7 show that our findings are identical. That is because the model for the CAPM beta is nested in the model for the Adjusted J statistic. The SUR framework also allows for joint hypothesis tests. We exploit this feature to test a joint hypothesis about the influence of leverage on both dependence measures. We reject the hypothesis (χ 2 = 5.50, p-value=0.064) that leverage is jointly zero in both models, confirming the influence of leverage on dependence patterns that we have documented in the single-equation models.
[Insert Table 7 about here.]
Our suggested intuition behind the asymmetric effect of leverage on dependence patterns is based on managerial incentives to increase exposure to hidden tail risks, possibly via leverage (Alcock, Glascock, and Steiner, 2013; Goetzmann, Ingersoll, Spiegel, and Welch, 2007) , and report the compensation as alpha (Diamond and Rajan, 2009). Our argument then implies that this strategy is unsuccessful and that leverage mainly filters through to asymmetric and linear dependence, not alpha. In order to examine this point empirically, we exploit the following convenient feature of our empirical set-up. The estimation of the CAPM beta allows us to obtain a value for alpha as a measure of performance that is unrelated to the firm returns generated as compensation for the linear dependence of the firm on the variation in the return on the market. We collect a firm-quarter panel of alpha estimates analogous to the way in which we compile the beta estimates. We then regress these alpha estimates on leverage and the firm characteristics of interest in our study.
The results shown in Table 8 suggest that leverage is indeed unrelated to alpha, implying that strategies of using leverage to increase tail risk exposure are unable to improve alpha.
This finding lends additional support to our earlier result that leverage primarily increases asymmetric and in the longer run also linear dependence.
[Insert Table 8 about here.] Mosteller (1977) argues that conventional linear regression techniques solely describe the conditional mean of a response variable and as such often provide an incomplete picture.
In order to provide a more comprehensive picture of the relationship between firm characteristics and dependence patterns, we estimate a quantile regression of the conditional median of the dependence measures Koenker, 2005; Koenker and Bassett, 1978) . The results shown in Table 9 suggest that our main finding of the effect of leverage on asymmetric dependence is robust when estimating the conditional median of the Adjusted J statistic instead of its conditional mean. Furthermore, the results reveal a contemporaneous effect of leverage on linear dependence as measured by the conditional median of the CAPM beta as well. Our finding suggests that the weaker relationship between leverage and the conditional mean of the CAPM beta may be driven by the effect of outliers, as the mean is more sensitive to outliers than the median of a distribution.
This observation further underpins our argument that our main findings are conservative and represent a lower bound on the effect of leverage on dependence patterns.
[Insert Table 9 about here.]
Our analysis mainly considers characteristics pertaining to the general and financial structure of the firm. However, REITs are also distinguished along the property sector that they focus on. The nature of the underlying assets and associated lease contracts that is specific to any given property sector may also influence dependence patterns. Therefore, we have recovered the coefficients on the sector fixed-effects we include in our empirical specifications. Table 10 shows that these are largely insignificant. The only exceptions are multi-family housing and specialty properties, which have slightly lower levels of linear dependence. We conclude from this robustness test that the influence of firm characteristics is statistically and economically more important for determining dependence patterns than the nature of the underlying assets. This observation implies that investors and managers in all REIT sectors may benefit from understanding the role of firm characteristics and especially leverage in driving the dependence profile of their firms.
[Insert Table 10 about here.]
For robustness, we have also considered measures of return synchronicity obtained as the R 2 coefficients of quarterly single-index CAPM regressions of the firm returns relative to the S&P500 index (Chan and Chan, 2014; Cotter, Gabriel, and Roll, 2015; Han, Hwang, and Cho, 2015; Roll, 1988) . Table 11 shows the results.
[Insert Table 11 about here.]
With regards to our central hypothesis on leverage, the results suggest that firms with higher levels of leverage have lower return synchronicity with the S&P500 index in the sense that the variation in the returns on that stock market index has lower explanatory power for the returns on the firm. This robustness test suggests that, for a given level of total risk, leverage shifts a portion of that total risk away from the linear, symmetric exposure to variation in the stock market, and towards higher-order components of risk that are not captured in standard linear measures. Therefore, this finding is consistent with our main result that leverage primarily increases asymmetry risks in REIT firm returns.
Lastly, the principles of corporate finance state that leverage magnifies both positive and negative returns on the firm's equity. These principles imply that when negative returns are realised, as in a recession, then we should anticipate a lower Adjusted J statistic. It follows that if the influence of leverage is symmetrical, then we would anticipate a higher positive Adjusted J statistic in times of economic expansion. However, our argument implies an asymmetric influence of leverage, affecting the downside disproportionately more than the upside. In order to illustrate the asymmetric effect of leverage further, we estimate positive and negative return clusters separately by focusing on positive and negative observations of the Adjusted J statistic as distinct from one another. As expected, we only find that leverage exacerbates the likelihood of joint negative returns. We do not find evidence that leverage promotes the occurrence of joint positive returns on the upside, supporting our argument that leverage has a disproportionate effect on the downside.
[Insert Table 12 about here.]
Conclusion
The literature suggests that the fundamental economic drivers behind firm-level systematic risk as well as the risk of joint negative returns between a REIT and the stock market are insufficiently understood. In particular, the role of leverage in determining dependence patterns is under-researched. Understanding this link is important in order to identify the channels through which leverage affects risk and thus returns on REIT stocks. To the best of our knowledge, our study is the first to explore the fundamental REIT firm characteristics that determine these aspects of dependence patterns in REIT returns.
We find that linear dependence and an increasing likelihood of return clustering between REITs and stocks are distinct aspects of return patterns. We find strong relationships between firm fundamentals and systematic risk as well as asymmetric risk that are unexplained by macroeconomic events, monetary policy regimes or trends in the risk measures themselves. While the influence of firm characteristics is somewhat reduced during recessionary periods, they remain significant. However, average systematic risk and asymmetric risk are related to firm characteristics in different ways.
Specifically, stocks with low systematic risk are typically small, with low short-term momentum, low turnover, high growth opportunities and strong long-term momentum. In order to reduce risk of negative returns clusters, robust portfolios should underweight stocks with strong short-term momentum. On the other hand, investment growth is associated with a lower likelihood of joint negative return clusters. Lastly, we find some evidence that leverage increases linear dependence of REIT returns on stocks in the longer run, but has an asymmetric impact and significantly exacerbates clustering of poor returns in the short and longer term. This last finding adds to the evidence on the role of leverage in REIT performance by highlighting the asymmetric nature of leverage on risk.
The practical implications of understanding the drivers of dependence patterns are profound. Our results help guide managers in modulating the investment risk of their firm, for instance by choosing the appropriate level of leverage for their firm. On the other hand, our findings also provide guidance for investors. Our results imply that investors are able to draw valid inferences about the future systematic and asymmetric risk profile of a REIT from observable firm characteristics. Overall, our findings assist managers and investors alike in assessing and managing the role of REIT stocks in mixed-asset portfolios.
We see two avenues for future research on this topic. The first relates to how investors can modify traditional diversification strategies to account for asymmetry risks as measured by the Adjusted J statistic, above and beyond the linear dependence captured in the familiar CAPM beta. Research efforts in stocks already present promising results. Hatherley and Alcock (2007) and Alcock and Hatherley (2009) develop a general methodology that can be used to determine the robustness of mean-variance-based portfolio theory to nonnormal assumptions, focusing particularly on the effects of the assumption of asymmetric dependence. They demonstrate that for both portfolios of indices and for individual stocks, portfolio performance substantially improves by correcting for asymmetric dependence. At this stage, however, little definitive can be said about the effects of asymmetric dependence on the optimal real estate portfolio. Second, there is the question of pricing asymmetry risks. Again, initial results for general stocks (Alcock and Hatherley, 2016) suggest a significant price premium for stocks with low risk of disproportionate negative return clusters, and a significant price discount for stocks with high risk of disproportionate negative return clusters. Yet, research has yet to establish the price of asymmetric dependence in real estate and listed real estate securities. While these questions are beyond the scope of this study, they may provide fruitful ground for future research.
Figures and tables
Scatter plots for simulated returns on a broad stock market index (X 1 ) and a security (X 2 ) (2001). The null hypothesis is that no panel (firm) has a unit root in the variable concerned. We reject the null hypothesis for all but one of the firm characteristics we are interested in (firm size). Significance is indicated as follows: *** p<0.01, ** p<0.05, * p<0.1.
Pairwise Pearson correlation table
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(1) Single-factor beta (S&P 500) Table 3 The Table 4 The table presents the regression results for the firm-quarter observations of the single-factor beta with respect to the S&P500. The single-factor beta is obtained from quarterly firm-by-firm regressions of daily total returns on the S&P500 index. Table 5 The Table 6 The table summarises the regression coefficients on market leverage from the models in Tables 4 and 5 . Test (i) shows the coefficients obtained when only firm characteristic variables are winsorised. Test (ii) shows the coefficients obtained when no variables are winsorised. Significance levels remain unchanged from the main results in Tables 4  and 5 .
Seemingly Unrelated Regressions (SUR) estimates of the dependence measures for the full study period Table 8 The Table 9 The Table 10 The table presents the regression coefficients associated with the sector fixed effects that were included for robustness in the main regression results for the CAPM beta and Adjusted J statistic with respect to the S&P500 over the full study period form Tables 4 and 5 . Standard errors, shown in parentheses, are robust to the estimated dependent variable bias, using the weighting procedure proposed in Hornstein and Greene (2012) . Significance is indicated as follows: *** p<0.01, ** p<0.05, * p<0.1.
Regression results for R 2 measure of synchronicity with respect to S&P 500 index
(1) (2) Table 11 The table presents the regression results for the firm-quarter observations of the R 2 measure of synchronicity obtained from the CAPM regressions with respect to the S&P500. The lag of the R 2 estimate is included as a control variable. Market leverage is measured as Total Debt divided by the Market Value of Assets (Total Assets minus Book Equity + Market value of Equity). Firm size is the natural logarithm of the Market Capitalisation. Market-to-book ratio is the Market Value of Assets divided by the book value of Total Assets. 6-month return is the 6-month cumulative total return. 36-month return is the 36-month cumulative total return. Turnover ratio is quarterly Trading volume divided by Common Shares Outstanding. Real estate investment growth measures the rate of investment. Return on average equity measures profitability. L.Beta is the first lag of the single-factor beta. All firm-level data and return data on the firms and the S&P500 is obtained form SN L F inancial. Data on the federal funds rate is obtained from the Federal Reserve Bank of St Louis's Economic Database and business cycle indicators are from NBER. Standard errors, shown in parentheses, are robust to the estimated dependent variable bias, using the weighting procedure proposed in Hornstein and Greene (2012) . Significance is indicated as follows: *** p<0.01, ** p<0.05, * p<0.1.
Regression results for negative and positive Adjusted J statistic with respect to S&P 500 index 
Sector effects Yes Yes
Quarter effects Yes Yes Table 12 The table presents the regression results for the firm-quarter observations of the positive and negative Adjusted J statistics, with respect to the S&P500, estimated separately. The lags of the Adjusted J statistic estimates are included as a control variable. Market leverage is measured as Total Debt divided by the Market Value of Assets (Total Assets minus Book Equity + Market value of Equity). Firm size is the natural logarithm of the Market Capitalisation. Market-to-book ratio is the Market Value of Assets divided by the book value of Total Assets. 6month return is the 6-month cumulative total return. 36-month return is the 36-month cumulative total return. Turnover ratio is quarterly Trading volume divided by Common Shares Outstanding. Real estate investment growth measures the rate of investment. Return on average equity measures profitability. L.Beta is the first lag of the singlefactor beta. All firm-level data and return data on the firms and the S&P500 is obtained form SN L F inancial. Data on the federal funds rate is obtained from the Federal Reserve Bank of St Louis's Economic Database and business cycle indicators are from NBER. Standard errors, shown in parentheses, are robust to the estimated dependent variable bias, using the weighting procedure proposed in Hornstein and Greene (2012) . Significance is indicated as follows: *** p<0.01, ** p<0.05, * p<0.1.
Appendices A Longer term regressions
Regression results for six-months and one-year ahead beta and Adjusted J statistic with respect to S&P 500 index
(1) (2) (3) The table presents the regression results for the firm-quarter observations of the 6-months and one-year ahead single-factor beta with respect to the S&P500 (Column (1)) and the Adjusted J statistic (Column (2)). Variables are defined as in the main analysis. Significance is indicated as follows: *** p<0.01, ** p<0.05, * p<0.1.
